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Turning processIn this paper, a correlation between vibration amplitude and tool wear when in dry turning of AISI 4140
steel using uncoated carbide insert DNMA 432 is analyzed via experiments and finite element simula-
tions. 3D Finite element simulations results are utilized to predict the evolution of cutting forces, vibra-
tion displacement amplitudes and tool wear in vibration induced turning. In the present paper, the
primary concern is to find the relative vibration and tool wear with the variation of process parameters.
These changes lead to accelerated tool wear and even breakage. The cutting forces in the feed direction
are also predicted and compared with the experimental trends. A laser Doppler vibrometer is used to
detect vibration amplitudes and the usage of Kistler 9272 dynamometer for recording the cutting forces
during the cutting process is well demonstrated. A sincere effort is put to investigate the influence of
spindle speed, feed rate, depth of cut on vibration amplitude and tool flank wear at different levels of
workpiece hardness. Empirical models have been developed using second order polynomial equations
for correlating the interaction and higher order influences of various process parameters. Analysis of vari-
ance (ANOVA) is carried out to identify the significant factors that are affecting the vibration amplitude
and tool flank wear. Response surface methodology (RSM) is implemented to investigate the progression
of flank wear and displacement amplitude based on experimental data. While measuring the displace-
ment amplitude, R-square values for experimental and numerical methods are 98.6 and 97.8. Based on
the R-square values of ANOVA it is found that the numerical values show good agreement with the exper-
imental values and are helpful in estimating displacement amplitude. In the case of predicting the tool
wear, R-square values were found to be 97.69 and 96.08, respectively for numerical and experimental
measures while determining the tool wear. By taking R-square values into account, ANOVA confirms
the close relation between experimental values and numerical values in evaluating the tool wear.
 2016 The Authors. Publishing services by Elsevier B.V. on behalf of Karabuk University. This is an open
access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).1. Introduction
In turning operations, vibration is a frequent problem, which
affects the result of machining, in particular, the tool wear. Vibra-
tion can be defined as an object being repeatedly displaced at a
very high frequency [1]. In turning process, three types of mechan-
ical vibrations are present. They are free, forced and self-excited
vibrations. They occur due to lack of dynamic stiffness/rigidity of
the machine tool system comprising tool, tool holder, workpiece
and machine tool. Machining vibrations, also called as chatter, cor-
respond to the relative movement between the workpiece and the
cutting tool. These vibrations affect typical machining processes,
such as turning, milling and drilling. Relative vibration amplitudebetween the workpiece and cutting tool influences the tool life
[2]. Cutting tool and tool holder shank are subjected to dynamic
excitation due to the deformation of the work material during
the cutting operation. The dynamic relative motion between the
cutting tool and workpiece will affect the quality of the machining,
in particular, the surface finish. Furthermore, the tool life is corre-
lated with the amount of vibration [3]. In turning, the presence of
tool vibration is a major factor which leads to poor surface finish,
cutting tool damage, increase in tool wear and unacceptable noise
[4]. Metal cutting processes can entail three different types of
mechanical vibrations. They arise due to the lack of dynamic stiff-
ness of one or several elements of the system comprising the
machine tool, the tool holder, the cutting tool and the workpiece
material [5]. Zhou et al. [6] presented a systematic approach based
on Areal Power Spectral Density (APSD) method to identify the
effect of relative vibratory motions between the tool and
workpiece in diamond turning. The vibration amplitude, is themental
Nomenclature
Disp displacement due to vibration (microns)
N rotational speed (rpm)
Dispexp experimental displacement value (microns)
Dispnum numerical displacement value (microns)
VBexp experimental flank wear (mm)
VBnum numerical flank wear (mm)
f feed rate (mm/rev)
H workpiece hardness (Bhn)
d depth of cut (mm)
VB flank wear (mm)
ANOVA analysis of variance (ANOVA)
RSM response surface methodology
Vc cutting speed (m/min)
VB flank wear (mm)
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can be quantified in several ways. In the present work, displace-
ment is chosen to quantify the vibration amplitude during turning
operation. Hence, the possibility of predicting the amount of the
relative displacement amplitude and tool wear in machining pro-
cesses is an interesting topic for industries. Most machining oper-
ations have two distinct motions: rotary motion and translation
that is either straight or curvilinear. In operations such as milling
and drilling, the tool is under motion and, thus, is the only compo-
nent that vibrates [7]. In turning process, on the other hand, the
workpiece has a rotary motion whereas the tool translates linearly.
Both tool and workpiece vibrate in the process of material removal.
However, throughout the years, researchers considered only tool
vibration in cutting dynamics [8]. An exception to the previous
i.e., workpiece deflection due to the exertion of 3D cutting forces
and correlated dimensional errors has been recently considered
[9,10]. Machining failures attributable to induced workpiece vibra-
tion that is often observed in the real world [11]. Workpiece vibra-
tion affects not only cutting instability but also product surface
roughness and tool wear. Machine tool components are subjected
to wide range of loads, due to the modification in cutter geometry,
workpiece hardness, speed, feed and depth of cuts. Determination
of machine tool vibration is highly critical and instrumental in
increasing the quality of machining [12]. Most models developed
for surface roughness [13] do not consider workpiece vibration,
either. The cutting process actions applied to the machining sys-
tem cause relative tool/workpiece displacements that can generate
vibration. Consequently, instability in the cutting process can
cause instability in the dynamic system of the machine tool result-
ing vibrations. Major directions in this field of research work aimed
towards the advancement of productivity and cost-effectiveness.
However, in automated manufacturing systems are focused on
vibrations, detection of tool breakage and monitoring of cutting
tool wear [14]. According to Paurobally et al. [15] chatter always
indicates defects on the machined surface; vibration especially
self-excited vibration is associated with the increased flank wear
and machined surface roughness.
Chatter vibrations of the machining operation will damage the
cutting tool if not addressed properly. Vibration displacement
has a significant role in metal cutting. The displacement is a critical
parameter for the predictive modeling of load distribution in cut-
ting tool as well as for developing robust temperature prediction
models [16]. Various other parameters may affect displacement
amplitude while turning. However, there is still the lack of funda-
mental understanding of the phenomenon occurring at the tool-
chip interfaces [17]. For these reasons, it is important for optimiz-
ing a machining process to be able to predict the amount of the
tool wear. Antic et al. [18] presented the experimental investiga-
tion to study the influence of tool wear on the tool vibration and
chip segmentation. This approach based on the assumption that
a relationship exists between the high-frequency vibrations mea-Please cite this article in press as: B.S. Prasad, M.P. Babu, Correlation between v
analysis, Eng. Sci. Tech., Int. J. (2016), http://dx.doi.org/10.1016/j.jestch.2016.0sured and tool wear degree. Antic et al. [19] demonstrated the pro-
cedure for acquiring high quality and timely information on
vibration condition in real time with a particular emphasis on
the module for acquisition and processing vibration signals. This
investigation gives a clear understanding about the mechanism
of the chip formation and segmentation type as well. They are used
in the development of a system for identifying the tool wear. Zim-
mermann et al. [20] identified that workpiece and tool are sub-
jected to severe mechanical and thermal loads while turning. The
loads in turning can cause thermal expansions and mechanically
induced deflections (vibrations) of the tool and the workpiece.
They have presented the analysis of dry turning via experiments
and 3D finite element simulations by using experimental results.
Simulations with FEM in 3D case are performed recently, owing
to advancements in re-meshing techniques in commercial FE
codes, like DeformTM and AbaqusTM, used in the present work
[21,22].
Ozel et al. [23] investigated the effects of workpiece hardness,
cutting edge geometry, cutting speed and feed rate on surface
roughness and resultant forces in the finish hard turning of AISI
H13 steel. Erol Zeren and Tug˘rul Özel [24] demonstrated a 3D finite
element method (FEM) modeling approach with arbitrary Lagran-
gian Eulerian (ALE) fully coupled thermal-stress analysis to simu-
late realistically high speed turning. Fazar et al. [25] used a finite
element method (FEM) to simulate chip formation in the turning
process and presented analytical as well as numerical analyses.
This model is then used to predict machining attributes that are
affected by the heat partition.
In conjunction with experiential investigations, tool wear pre-
diction in machining is a constant preoccupation among research-
ers. Haddag et al. [26] presented a discussion on a
phenomenological Usui’s model to predict tool wear. According
to Usui’s model, tool wear is defined as a function of the tool–chip
interface parameters, such as pressure, temperature and sliding
velocity. The main advantage of such laws is the implantation ease.
Tugrul Ozel and Yigit Karpat [27] presented a comparison of
neural network models with regression models. Predictive neural
network modeling is also extended to predict tool wear, and sur-
face roughness patterns observed in finish hard turning processes
[28]. Hence, to predict the factors that can affect the vibration
amplitude and tool life a tool condition monitoring system is
needed. An experimental evaluation of the tool wear parameters
during turning process is a very expensive and time-consuming
work, owing to the influence of many uncontrollable variables.
There are several techniques for answering this problem like
RSM [29] and ANNs. Feng and Wang [30] conducted testing and
used regression analysis to develop a complete empirical model
for traditional turning. Fang et al. [31] presented finite element
simulations of machining for Ti-6Al-4V. In particular, the thermo-
dynamic constitutive equation in FEA is applied for both workpiece
material and tool material. The comparison between the experi-ibration amplitude and tool wear in turning: Numerical and experimental
6.011
Fig. 1. Proposed methodology in the present study.
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presented and discussed. Researchers on tool life performed pre-
diction models for optimization of process parameters. RSM tech-
nique is used for analyzing the influence of process parameters
on tool wear and similar analyzes for different combinations are
presented in [32–38]. Ding and He [39] developed a model of tool
wear monitoring based on examined and analysis of the vibration
signal in the time and frequency domains.
From the above literature, it is understood that most of the
researchers are focused on determining the surface roughness
and vibration characteristics in machining processes. In the pre-
sent work, experimental tests have been carried to develop numer-
ical models by using DOE that is capable of determining the
vibration and surface roughness characteristics. A limited amount
of information is found in the literature for correlating vibration
amplitude and tool wear progression in face turning. It requires
further studies to develop a correlation between displacement
amplitude and flank wear during machining. Advanced process
simulation techniques are essential to consider the influence of
the tool wear and cutting conditions on the displacement ampli-
tude, especially in the vibration induced machining processes. In
this paper, an advanced FEM simulation technique is utilized to
investigate the physical cutting process for predicting the displace-
ment in the feed direction, temperature, and load variation during
machining.
The objective of the present research is to apply RSM and
ANOVA techniques to experimental, and FE simulated data. In
the present study, a response surface methodology (RSM) has been
used to analyze the effect of independent variables on the displace-
ment amplitude and tool wear. The experiment is planned employ-
ing the design of experiments (DOE) technique. The variable
parameters are rotational speed (N), feed rate (f), workpiece hard-
ness (H) and depth of cut, and ANOVA was used to analyze the
influence on flank wear (VB) and displacement due to vibration
(Disp). The significance of the critical parameters (speed, feed,
depth of cut) at different levels of workpiece hardness on the vibra-
tion amplitude and tool wear are determined using RSM.2. Experimentation
Experiments are carried out on a PSG-124 lathe machine at con-
stant cutting conditions. The machine has both auto feed and vari-
able spindle speed capabilities. A Kistler 9272 dynamometers
with a multi-channel analyzer is used for acquisition of data on
the cutting forces. A PolyTec 100V laser Doppler vibrometer with
a data acquisition scheme is kept at a constant distance from the
machining zone to measure the shift during the cutting process.
The laser is concentrated along the rotating workpiece while
machining is in progress. Oblique cutting parameters: Rake Angle
(): 5, Clearance Angle (): 5, Flank face length (mm): 0.75, Rake
face length (mm): 1. Machine: PSG Lathe, India. Specifications of
lathe machine are as follows: Straight bed with single V having
the length of 2.1 m, swing over the bed is 21 cm. Swing over the
carriage is 14 cm and distance between centers is 96 cm. Motor
capacity is 10 H.P., and it runs with a variable spindle speed range
of 63–1250 rpm. Tool post of the machine is a square-headed type
with a four jaw chuck. The turning operations are carried out with
various cutting conditions to produces machined surfaces with
varying flank wear values in correlation with displacement values.
Tool rejection criterion adopted for the present study is as fol-
lows. As per ISO 10816 standard for vibration severity, vibration
displacements in the rotating object up to 20 microns do not have
any effect on tool flank wear. Tool flank wear is found to be
affected by the measured displacements in the range 20–60
microns. If the measured displacement value is beyond 60 lm, itPlease cite this article in press as: B.S. Prasad, M.P. Babu, Correlation between v
analysis, Eng. Sci. Tech., Int. J. (2016), http://dx.doi.org/10.1016/j.jestch.2016.0is not an acceptable as per ISO 10816. It is observed that in all con-
ditions of experimental investigation, displacement values are
found to be around 60 microns and flank wear VB 6 0:3mm:
Fig. 1 presents the proposed methodology for the current study,
and Fig. 2 shows the schematic representation of experimental
setup.
As illustrated in Fig. 2, the distance between the vibration mea-
suring equipment is maintained at 2 m from the experimental test
rig. A laser from the laser Doppler vibrometer is allowed to focus
on the rotating object. The way of mode conversion and reflection
from the surface of workpiece can lead to interference pattern dur-
ing the machining. This signal is amplified and fed to the FFT ana-
lyzer which is connected to a computer for analysis. Vibration
signal analysis is performed for experimental data. A time domain
wave graph is converted into a frequency domain as a spectro-
graph to obtain output in the specified range of frequency. The test
setup developed in the present work is used for an acoustic-optic
pulse generation while employing different cutting tool and work-
piece materials combinations under various test conditions. In face
turning, resonant vibration (chatter) occurs due to the forces
enforced by the tool on the workpiece during machining. It causes
the workpiece to vibrate at a natural frequency in which the small-
est excitation makes the tremendous sense of vibration. The inter-
action between the tool and workpiece will keep on increases as
the amplitude of vibration increases. A laser Doppler vibrometer
(PDV-100) with amplifier (VIB-E-220 DAQ) is used to measure
vibration amplitude in the feed direction. The wavelength forms
from the vibration measurement output and is available in forms
of amplitude, velocity, and displacement.
Vibrations can naturally occur in an engineering system and
may be representative of its free and natural dynamic behavior.
When the frequency of the forcing excitation coincides with that
of the natural motion, the system will respond more vigorouslyibration amplitude and tool wear in turning: Numerical and experimental
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Fig. 2. Schematic representation of experimental setup used in the present study.
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and the associated frequency is called the resonant frequency.
The frequency ranges determined by the vibration response versus
frequency can be developed by using the waveform of digital FFT
analysis. The peak level is the indication of highest vibration pro-
duced during machining, and the peak amplitude of the turning
process presented in this study. The peak value is particularly
indicative of short duration shocks etc. In the present work, peak
values are used to indicate maximum level that has occurred;
not considering the account of the time history related to the
vibration. Table 1 gives the test conditions chosen for experimental
investigation for the present study.
When all instruments are ready, a turning process executed to
perform face turning operation. The following procedural steps
have been implemented to carry out the preliminary investigation.
Step 1. Each test started with a fresh cutting edge, and work-
piece has been machined four times with every depth of cut,Table 1
Oblique cutting parameters.
Rake angle (): 5, clearance angle (): 5, flank face length (mm): 0.75, rake
face length (mm): 1
Cutting speed (N rpm) Feed rate
(mm/rev)
Depth of cut
(mm)
538 0.08/0.4/0.8 0.4/0.8/1.2
836 0.08/0.4/0.8 0.4/0.8/1.2
1135 0.08/0.4/0.8 0.4/0.8/1.2
Work piece material AISI 4140 steel of size
(Ø 80  150 mm)
Carbide Tool Properties:
DNMA432 (uncoated, WC as
base material), Tool holder:
DDJNR.
Please cite this article in press as: B.S. Prasad, M.P. Babu, Correlation between v
analysis, Eng. Sci. Tech., Int. J. (2016), http://dx.doi.org/10.1016/j.jestch.2016.0and this process continued up to 36 passes of cut. At the end
of every 4th pass of the cut, machining is stopped for measuring
the tool wear.
Step 2. Vibration signals measured during the machining.
Step 3. Modify the cutting parameters as per new test condition
and load the machine with a new workpiece. Repeat the step 1
and 2.
Step 4. For remaining test condition also, the same procedure
has been implemented.
2.1. Effect of displacement amplitude on tool wear
Vibration raw signals are gathered using an LDV and plotted the
vibration amplitude against time domain. This form of representa-
tion is called waveform graph. Waveform graph gives the percent-
age of vibration amplitude only for a particular time domain data.
It is very difficult or often impossible to quantify the vibration
levels with the help of waveform graph. Hence, waveform graphs
are intentionally ignored from the results and discussions.
Moreover, direct the explicit time series analysis is usually inca-
pable of isolating defect-scattered information appropriately from
noise in different frequency bands. Therefore, time domain signal
must be converted into converted to frequency domain as spec-
trum graphs by using a fast Fourier transform (FFT). Fast Fourier
transform is utilized to determine the vibration parameter, i.e., dis-
placement (microns) in the frequency domain for analysis of the
vibration signal. Fig. 3 gives the frequency domain graph at three
critical stages of the experiment. The spectrum graph presented
in Fig. 3 provides more information about machining process than
the waveform graph. The displacement value determined after
vibration signal analysis used as a parameter for assessing the cut-
ting tool condition. Therefore, vibration displacement plays a sig-ibration amplitude and tool wear in turning: Numerical and experimental
6.011
Fig. 3. Frequency spectra for vibration signals at various test conditions.
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beyond 60 lm is not an acceptable as per ISO 10816. From the
results Table 1, it is clear that in all conditions, i.e., TC 1-1 to TC
1-9 displacement values are observed to be less than 60 microns.
Vibration signature data of different test conditions shown in
Fig. 3.
In face turning, the stiffness of the workpiece increases as the
length of the workpiece decreases and the corresponding increase
in vibration amplitude is recorded. This variation in vibration
levels at different test conditions shown in Fig. 3. In Fig. 3, a further
increase in vibration amplitude is found in comparison with other
two test conditions. In this connection, Friction increases between
the workpiece and cutting tool that is due to increase in tool wear
[40]. According to Lim [41], force and acceleration signals in the
feed direction are significant, signals in the other directions not
revealing any useful information. A strong correlation between tool
flank wear and vibration is evident. After that, a second peak
appears as the tool reaches and passes its wear limits, after which
the friction decreases and vibration amplitude correspondingly
drops and fail. Fig. 3 shows the impact of spindle speed on vibra-
tions. Displacement amplitude of workpiece keeps on increasing
the spindle speed. From the empirical model, it is clear evident that
the vibration increases with the speed. There is a significant effect
of vibrations when increasing or decreasing the feed rate. From
Fig. 3, it is clear that vibration amplitude increases along with tool
wear. Displacement amplitude in the feed direction is found to be
acceptable as long as the depth of cut value is 0.5 mm according to
ISO 10816. Displacement amplitude is found to be affected by the
depth of cut values of 0.8 mm and 1.5 mm.
From results, it is observed that cutting speed, feed rate and
depth of cut at different levels of workpiece hardness shows more
influence on vibration amplitude (displacement) in throughout the
experiment. In the present work, ANOVA method is used to inves-
tigate effects of factors (input parameters) on responses (output
parameters). In experimental investigations, ANOVA is often
employed before other statistical analysis. Then regression analysis
is used which establishes a relation between independent variables
(factors) and dependent variables (responses) were applied.
Regression analysis was used to derive polynomial equations.Please cite this article in press as: B.S. Prasad, M.P. Babu, Correlation between v
analysis, Eng. Sci. Tech., Int. J. (2016), http://dx.doi.org/10.1016/j.jestch.2016.03. Three-dimensional finite element modeling and simulation
of turning process
The three-dimensional model developed using Deform 3D v6.1,
is reported in Fig. 4 that shows the cutting tool and workpiece with
the growing chip. Cutting tool is assumed to be as rigid object
meshed with more than 75,000 elements, and it is oriented to
move along linear direction according to the cutting angles set in
experimental test conditions. The workpiece, considered to be a
rigid elasto-plastic object meshed with more than 30,000 elements
and are fully constrained on the lower and lateral sides so that it
cannot move. The friction is modeled considering a shear factor
equal to 0.6. Adaptive re-meshing scheme optimizes the computa-
tional time and accurate prediction. The base of the workpiece
remains constrained in all directions. The tool is subjected to move
in Y direction at three different constant speeds and constrained
against movements in X and Z directions. A commercial software
Deform 3D with dynamic ALE modeling approach [31] is used to
conduct the FEM simulation of face turning considering the tool
edge geometry and remaining all the attributes implemented in
the model. The chip formation is simulated via adaptive meshing
and plastic flow of work material. Therefore, there is no chip sep-
aration criterion is needed.
In this approach, the elements are attached to the tool material,
and the un-deformed tool is advanced towards the workpiece.
Mechanical and thermal properties are necessary to develop the
thermo-mechanical FEM simulation model of the machining sys-
tem. Fig. 4 shows the FE simulation model consisting of boundary
conditions, contact conditions between tool and workpiece.
3.1. Material flow properties
Material properties are essential inputs for an FEA simulation of
a machining process. To represent the constitutive behavior of the
cutting tool and workpiece material under specific cutting condi-
tions, it is necessary to have an accurate and reliable flow stress
model that is capable of representing hardening, strain rate hard-
ening and thermal softening. The following Johnson–Cook material
model used in machining simulation [42]. In this work, theibration amplitude and tool wear in turning: Numerical and experimental
6.011
Fig. 5. (a) Modeling of 4140 workpiece. (b) Modeling of uncoated insert.
Fig. 4. Deformation in turning process (displacement due to vibration).
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yield behavior of AISI 4140 steel is given by Eq. (1) is used.
r ¼ ðAþ Ben 1þ Cln
_e
_e0
 !" #
1 T  Troom
Tmelt  Troom
 m 
Þ ð1Þ
where r, flow stress, _e is plastic strain rate, e is equivalent plastic
strain, e0 is reference strain rate, A is initial yield stress, B is harden-
ing modulus, C is strain rate dependency coefficient, n is work hard-
ening exponent, m is thermal softening coefficient, T is the process
temperature, Tmelt is the melting temperature of the workpiece and
room Troom is the ambient temperature (35 C). The Johnson–Cook
model provides a good fit for the mechanical behavior of metals
and it is numerically robust and can be used in FEA models. Many
researchers used the Johnson–Cook model as constitutive equation
in FEA modeling of orthogonal machining and Johnson–Cook
parameters considered for the present work are shown in Table 2
along with boundary conditions in FE simulations.
Fig. 5(a) gave the meshed model of AISI 4140 steel and meshed
model of the cutting insert presented in Fig. 5(b). Deform 3D soft-
ware use for modeling and simulating the cutting process is cap-
able of performing coupled thermo-mechanical transient
analysis. As discussed in the literature, present research work is
aimed at the 3D numerical prediction of tool wear using the
knowledge acquired in 2D studies. Thus, to validate 3D numerical
predictions for both flank and displacement owing to vibration, a
series of experiments have been carried out in turning.
To estimate tool wear for the cutting tool and work material
combination selected in the adopted cutting configuration, theTable 2
Johnson cook parameters for workpiece and cutting tool [43].
Work piece/cutting
tool
A (MPa) B (MPa) n C m
AISI 4140 [17] 806 614 0.618 0.0089 1
Uncoated carbide
insert (WC-Co)
[21]
0.003 8.0471 0.0003 0 0.179
Boundary condition
Initial temperature Shear
friction
factor
Heat transfer coefficient at the
interface (N/s mmC)
25 C 0.6 45
Please cite this article in press as: B.S. Prasad, M.P. Babu, Correlation between v
analysis, Eng. Sci. Tech., Int. J. (2016), http://dx.doi.org/10.1016/j.jestch.2016.0phenomenological Usui’s wear law [44] is used. Interface pressure,
sliding velocity, interface temperature, time increment and exper-
imentally calibrated coefficients are the parameters for FE analysis.
3.2. Relationship of FE simulation results with experimental results
Fig. 6 presents the 3D finite element simulation results at differ-
ent stages of the experiment. The objective of this section is toFig. 5 (continued)
ibration amplitude and tool wear in turning: Numerical and experimental
6.011
6(c) FE predicted load in feed direction 
Fig. 6 (continued)
TC 1-1: Rotational speed 538 rpm, feed at 0.08mm/rev, depth of cut 0.4 mm)
Fig. 6. Uncoated DNMA 432/AISI 4140.
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mental or measured values [45]. Fig. 6(a) gives numerical displace-
ment (36.78 lm) whereas measured displacement is found to bePlease cite this article in press as: B.S. Prasad, M.P. Babu, Correlation between v
analysis, Eng. Sci. Tech., Int. J. (2016), http://dx.doi.org/10.1016/j.jestch.2016.0(35 lm) in TC1-1 is shown in Fig. 6(b). Fig. 6(c) shows the numer-
ically predicted load in the feed direction (625 N) compared with
measured force, Fy (600 N) presented in Fig. 6(d) for test conditionibration amplitude and tool wear in turning: Numerical and experimental
6.011
Fig. 6 (continued)
T: 2-5 Rotational speed 836 rpm, feed at 0.4 mm/rev, depth of cut 0.8 mm 
Fig. 6 (continued)
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lation is compared with measured tool wear profile, with Opto-
Mech vision inspection system and presented in Fig. 6(f) for test
condition TC3-9. It is true that simulated cutting time is very short
(few milliseconds), this is sufficient to highlight wear localization
zones and the intense thermo-mechanical loading at the contact
interface leading to observed wear types [46]. The qualitative pre-
diction of the tool wear corresponds closely to that observed by
vision inspection method, as shown in Fig. 6(f). There is a close cor-
respondence between FE prediction and OptoMech vision observa-
tion of the tool wear at the flank face. The error between the results
varies between 5 and 9% throughout the experiment. FE simula-
tions were generated [47] for uncoated cutting insert and AISI
4140 as workpiece material.Please cite this article in press as: B.S. Prasad, M.P. Babu, Correlation between v
analysis, Eng. Sci. Tech., Int. J. (2016), http://dx.doi.org/10.1016/j.jestch.2016.04. Development of empirical relationship displacement
amplitude and tool flank wear
In the present work, vibration displacement (Disp) and tool
wear (VB) are selected as the response variables. Feed rate (f), spin-
dle speed(s), depth of cut (d) at different levels of workpiece hard-
ness (H) are the machining parameters. The machinability
performance of displacement amplitude (lm) and tool wear
(mm) are obtained, to analyze the machining parameters with
the help of [48,49] response surface methodology (RSM). The rela-
tionship of preferred response and independent variables for input
are represented in the appropriate form as follows. Feed rate, cut-
ting speed, depth of cut, different hardness levels (independent
variables) which vary during the experiments. For each factor,ibration amplitude and tool wear in turning: Numerical and experimental
6.011
Fig. 6 (continued)
TC:3-9: Rotational speed 1135 rpm, feed at 0.8 mm/rev, depth of cut 1.2 m
Fig. 6 (continued)
B.S. Prasad, M.P. Babu / Engineering Science and Technology, an International Journal xxx (2016) xxx–xxx 9three stages are deliberately chosen and set during the experimen-
tation according to the DOE. The response surface methodology
(RSM) is also employed. Box–Behnken design is used to identify
the cause and effect of the relationship between the control vari-
ables and the responses. Therefore, the degree of freedom model
for vibration displacement prediction in their investigation of the
conformity between workpiece and cutting tool in turning process.
The variation in displacement amplitude and corresponding
tool wear with machining parameters (input parameters N, f, d,
H) are being mathematically developed using the regression anal-
ysis method. Eq. (5) (Dispnum) represents the numerical displace-
ment data whereas Eq. (6) represents (VBnum) the numerically
predicted tool flank wear data. Table 3 gives both experimental
and numerical results.Please cite this article in press as: B.S. Prasad, M.P. Babu, Correlation between v
analysis, Eng. Sci. Tech., Int. J. (2016), http://dx.doi.org/10.1016/j.jestch.2016.0To obtain scientific understandings of work materials and pro-
cess variables effects on the tooling performance. A numerical sim-
ulation model is evaluated based on experimental research, and
subsequent mathematical models have developed for different
cases. The mathematical modeling did by polynomial equations
that are very helpful in comparing the relationship between the
process variables using minitab software. In turning, displacement
(Disp) due to vibration is expressed as a function of the process
parameters and workpiece hardness as shown in Eq. (2).
Disp ¼ f ðN; f ; d;HÞ ð2Þ
where Disp – machining response, f – response function and the
turning process variables such as s, f, d, H. In the analysis, a proce-
dure for an approximation of response is derived using the built-inibration amplitude and tool wear in turning: Numerical and experimental
6.011
Table 3
Experimental and numerical results at different test conditions.
Test condition Cutting speed (N) Feed rate (f) Depth of cut (d) Hard-ness (H) Displacement, Disp (lm) Flank wear, VB (mm)
Experimental FE predicted Experimental FE predicted
TC 1-1 538 0.08 0.5 152.5 12 11.60 0.08 0.074
TC 1-2 538 0.08 0.8 153.5 14 13.88 0.10 0.092
TC 1-3 538 0.08 1.5 155.5 16 15.80 0.12 0.1260
TC 1-4 538 0.4 0.5 157 18 17.56 0.14 0.1288
TC 1-5 538 0.4 0.8 158.5 21 20.05 0.17 0.1685
TC 1-6 538 0.4 1.5 160 26 24.92 0.19 0.1748
TC 1-7 538 0.8 0.5 161.5 28 27.40 0.2 0.197
TC 1-8 538 0.8 0.8 164 30 29.60 0.24 0.228
TC 1-9 538 0.8 1.5 167 32 31.60 0.26 0.263
TC 2-1 836 0.08 0.5 153.5 16 15.72 0.15 0.138
TC 2-2 836 0.08 0.8 153 20 19.69 0.15 0.145
TC 2-3 836 0.08 1.5 155 22 21.24 0.17 0.164
TC 2-4 836 0.4 0.5 157 24 23.20 0.21 0.205
TC 2-5 836 0.4 0.8 158.5 32 30.44 0.26 0.249
TC 2-6 836 0.4 1.5 160 42 41.25 0.31 0.305
TC 2-7 836 0.8 0.5 162 50 47.50 0.32 0.314
TC 2-8 836 0.8 0.8 164 60 58.58 0.32 0.319
TC 2-9 836 0.8 1.5 169 72 70.24 0.33 0.320
TC 3-1 1135 0.8 0.5 155 12 11.71 0.21 0.209
TC 3-2 1135 0.8 0.8 158 16 14.72 0.24 0.225
TC 3-3 1135 0.8 1.5 159 22 21.10 0.26 0.262
TC 3-4 1135 0.4 0.5 162 26 24.92 0.36 0.332
TC 3-5 1135 0.4 0.8 164 38 37.90 0.39 0.395
TC 3-6 1135 0.4 1.5 165 48 47.16 0.41 0.392
TC 3-7 1135 0.8 0.5 168 60 58.55 0.43 0.428
TC 3-8 1135 0.8 0.8 170 72 70.24 0.46 0.453
TC 3-9 1135 0.8 1.5 173 84 83.20 0.49 0.485
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ratic model for machining response as mentioned below. The
second-order polynomial (regression) equation used to represent
the response surface for displacement amplitude (Disp) is given by:
Disp ¼ b0 þ RbiXi þ RbiiX2i þ RbijXiXj ð3Þ
and for four factors, the selected polynomial can be expressed as:
Disp ¼ b0 þ b1N þ b2f þ b3dþ b4H þ b12Nf þ b13Ndþ b14NH
þ b23fdþ b24fH þ b34dH þ b11N2 þ b22Nf 2 þ b33Nd2
þ b44NH2 ð4Þ
where b1, b2, b3, . . ., b44 are regression coefficients [25] and b0 is the
average of the output responses. These coefficients depend on the
respective linear, interaction, and squared terms of factors. TheTable 4
ANOVA table for experimental displacement.
Source DF Seq SS Adj SS Adj MS F P Remarks
N 1 1839.1 1.4 1.38 0.13 0.010 S
f 1 2100.4 2.9 2.88 0.28 0.606 NS
d 1 716.2 0.2 0.24 0.02 0.035 S
H 1 4198.5 63.1 63.13 6.16 0.002 S
N * N 1 874.2 462.1 462.14 45.08 0.007 S
f * f 1 163.0 24.7 24.68 2.41 0.147 NS
d * d 1 1.0 6.0 6.04 0.59 0.021 S
H * H 1 159.1 4.8 4.80 0.47 0.039 S
N * f 1 372.0 0.7 0.66 0.06 0.804 NS
N * d 1 122.3 0.0 0.05 0.00 0.946 NS
N * H 1 73.5 27.5 27.47 2.68 0.128 NS
f * d 1 18.0 0.0 0.00 0.00 0.992 NS
f * H 1 45.2 13.5 13.48 1.32 0.274 NS
d * H 1 0.0 0.0 0.03 0.00 0.958 NS
Error 12 123.0 123 10.25 – – –
Total 26 – – – – – –
R2 value for the above table = 0.986.
Note: N = speed, f = feed, d = depth of cut, H = hardness, DF = degree of freedom,
SS = sum of squares, MS = mean squares, S = significant, NS = not significant.
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nificance of each factor determined by ‘p’ values, which are pre-
sented in Tables 4–7. For the values of ‘p’ less than 0.05, indicate
that the model terms are significant. In this case, X1, X2, X4, X12,
X22 and X1, X2 are significant model terms and X3 has less influence
on the displacement. The values greater than 0.10 indicate that the
model terms are not significant. The final empirical relationship is
constructed using only these coefficients and developed the empir-
ical relationship given below.
Dispnum ¼ 43:92þ 4:8N þ 2:11f þ 2:36dþ 26:1H  20:22N2
þ 8:1f 2  1:24d2 þ 13:54H2  6:1ðN  f Þ  3:22ðN
 dÞ þ 32:28ðN  HÞ þ 2:10ðf  dÞ  22:78ðf  HÞ
 1:12ðd  HÞ ð5ÞTable 5
ANOVA table for numerical displacement.
Source DF Seq SS Adj SS Adj MS F P Remarks
N 1 1798.8 16.0 16.50 0.89 0.024 S
F 1 2102.7 0.55 0.42 0.02 0.625 NS
D 1 699.5 5.9 5.72 0.13 0.007 S
H 1 4021.5 28.4 28.13 1.27 0.003 S
N * N 1 709.6 460.2 470.19 23.62 0.036 S
f * f 1 169.3 24.3 25.73 1.26 0.263 NS
d * d 1 0.01 5.2 5.05 0.22 0.048 S
H * H 1 192.7 10.8 10.10 0.44 0.044 S
N * f 1 368.2 11.3 11.35 0.55 0.432 NS
N * d 1 126.1 15.5 15.16 0.78 0.368 NS
N * H 1 131.4 81.1 87.71 3.42 0.042 S
f * d 1 1.1 4.3 4.90 0.25 0.610 NS
f * H 1 41.2 18.3 18.17 1.01 0.336 NS
d * H 1 0.5 0.55 0.52 0.02 0.867 NS
Error 12 217.1 207.7 17.29 – – –
Total 26 – – – – – –
R2 value for the above table = 0.978.
Note: N = speed, f = feed, d = depth of cut, H = hardness, DF = degree of freedom,
SS = sum of squares, MS = mean squares, S = significant, NS = not significant.
ibration amplitude and tool wear in turning: Numerical and experimental
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Table 6
ANOVA table for experimental tool wear.
Source DF Seq SS Adj SS Adj MS F P Remarks
N 1 938.97 0.22 0.224 0.02 0.001 S
f 1 1582.59 1.59 1.589 0.13 0.027 S
d 1 438.04 0.38 0.376 0.03 0.015 S
H 1 2745.66 40.45 40.447 3.25 0.021 S
N * N 1 144.43 133.02 133.021 10.69 0.013 S
f * f 1 138.69 19.53 19.529 1.57 0.020 S
d * d 1 1.02 2.00 2.001 0.16 0.002 S
H * H 1 86.08 7.86 7.860 0.63 0.009 S
N * f 1 141.92 0.22 0.217 0.02 0.897 NS
N * d 1 53.92 0.74 0.741 0.6 0.811 NS
N * H 1 24.25 17.17 17.165 1.38 0.263 NS
f * d 1 0.00 6.30 6.304 0.51 0.044 S
f * H 1 10.77 10.86 10.864 0.87 0.369 NS
d * H 1 3.03 3.03 3.032 0.24 0.631 NS
Error 12 149.37 149.37 12.447 – – –
Total 26 – – – – – –
R2 value for the above table = 0.9769.
Note: N = speed, f = feed, d = depth of cut, H = hardness, DF = degree of freedom,
SS = sum of squares, MS = mean squares, S = significant, NS = not significant.
Table 7
ANOVA table for numerical tool wear data.
Source DF Seq SS Adj SS Adj MS F P Remarks
N 1 927.85 9.58 9.578 0.45 0.008 S
f 1 1651.1 0.39 0.32 0.02 0.020 S
D 1 439.36 0.73 0.729 0.03 0.018 S
H 1 2565.28 19.84 19.840 0.93 0.022 S
N * N 1 102.34 178.46 178.459 8.33 0.001 S
f * f 1 165.97 34.03 34.026 1.59 0.002 S
d * d 1 0.27 0.44 0.436 0.02 0.039 S
H * H 1 141.1 31.14 31.141 1.45 0.009 S
N * f 1 131.92 30.46 30.460 1.42 0.256 NS
N * d 1 51.56 28.15 28.149 1.31 0.274 NS
N * H 1 78.23 81.81 81.812 3.82 0.074 NS
f * d 1 14.0 40.82 40.822 1.91 0.022 S
f * H 1 15.13 30.23 30.230 1.41 0.258 NS
d * H 1 15.98 15.8 15.978 0.75 0.405 NS
Error 12 257.09 257.09 21.424 – – –
Total 26 – – – – – –
R2 value for the above table = 0.9608.
Note: N = speed, f = feed, d = depth of cut, H = hardness, DF = degree of freedom,
SS = sum of squares, MS = mean squares, S = significant, NS = not significant.
Table 8
Regression coefficients of each model.
Regression coefficient
Parameter R2 Model
Experimental Numerical
Displacement 0.986 0.978 2nd order RSM
Tool wear 0.976 0.960 2nd order RSM
Fig. 7. (a) Normal probability plot for displacement (Dispexp)-experimental data. (b)
Normal probability plot for displacement (Disppre)-numerical data.
Fig. 7 (continued)
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carried for flank wear and displacement data also. Coefficients
shown in ANOVA Tables 6 and 7 are used to develop empirical rela-
tionships for both the experimental and predicted flank wear data.
The final empirical relationship is constructed using coefficients by
Eq. (2), and the developed final empirical relationship is as follows:
VBnum ¼ 0:267þ 0:09N þ 0:02f þ 0:011dþ 0:054H  0:03N2
þ 0:021f 2  0:002d2 þ 0:06H2  0:058ðN  f Þ
 0:025ðN  dÞ þ 0:201ðN  HÞ þ 0:0225ðf  dÞ
 0:109ðf  HÞ  0:026ðd  HÞ ð6ÞPlease cite this article in press as: B.S. Prasad, M.P. Babu, Correlation between v
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to correlate each other. The ANOVA tables for flank wear shown
in the Tables 7 and 8. Results in the tables clearly identify the sig-
nificant factors that affect the tool wear in both experimental data
and predicted data. These equations will give the expected values
of displacement amplitude and flank wear for any combination
of factor levels given that the levels are within the ranges stated
in Table 1. From the above equations, it can be concluded that
equations are approximately similar (3) & (4) and (5) & (6) to each
other. Displacement amplitude and tool wear influenced by the
factors on the right-hand side in both the cases. The above mathe-
matical model can be used to predict the values of the displace-
ment, and flank wear of the factors studied.5. Results and discussions
The design of experiments technique determines the optimum
number of trails required for experimentation. To evaluate the
influence of cutting speed, feed, the depth of cut and workpiece
hardness on the response variables, an ANOVA is carried out. The
normal probability plots for experimental displacement amplitude
shown in Fig. 7(a), and Fig. 7(b) gives the FE predicted data. The
adequacy of the model has been being investigated by the exami-
nation of residuals. The residuals, which are the difference
between the respective observed response and the predicted
response, are examined using normal probability plots of the resid-
uals and the plots of the residuals versus the predicted response. If
the model is adequate, the points on the normal probability plots
of the residuals should form a straight line. On the other hand,ibration amplitude and tool wear in turning: Numerical and experimental
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observe less, that is, they should contain no distinct pattern. If
the residuals plot approximately along a straight line, then the nor-
mality assumption is satisfied. In this study, the residuals can be
judged as normally distributed; achieving normality assumptions
for both of the responses. Fig. 7(a) and (b) show the normal prob-
ability plots of the residuals and the plots of the residuals versus
the predicted response for the surface roughness values. It reveals
that the residuals fell on a straight line implying that the distribu-
tion of errors is normal. Fig. 7(a) and (b), reveal that there is no
defined pattern and unusual structure. This shows that the model
proposed is adequate, and there is no reason to suspect any violation
of the independence or constant variance assumption [48]. This
analysis allows verifying the normal distribution of residuals
(Fig. 7(a) (b)) to test the normality of experimental data, and, if nec-
essary, to identify the correct representations of the experimental
values for obtaining normal distributions of residuals and pass the
normality tests. The analysis is carried out for a level of significance
of 5%, so for a level of confidence of 95%. The probability plot is used
to determine if a normal distribution fits the collected data.
Surface charts presented in Fig. 8 which shows a three-
dimensional surface that connects a set of data points (Disp vs. d,
N; disp vs. d, f). Fig. 8(a) shows the relationship between the depth
of cut and cutting speed with displacement amplitude whereas
Fig. 8(b) presents the relationship between the depth of cut and
feed rate with displacement amplitude in the workpiece for cutting
condition. It observed that an increase in the displacement of theFig. 8. (a) Surface plots of displacement (Dispexp)-experimental data. (b) Surface
plots of displacement (Dispnum)-numerical data.
Fig. 8 (continued)
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which increases tool wear.
Similarly, Fig. 9(a) and (b), it is summarized that the tool flank
wear values are within the control range, indicating that there is
no correct pattern and unusual structure. The residual analysis
does not indicate any model inadequacy. Hence, these values yield
better results in future predictions. It satisfies the conditions of the
normal distribution curve, which is reliable.
Surface plots presented in Fig. 10(a) and (b) shows the effect of
feed rate, depth of cut and workpiece hardness on the tool wear in
both experimental and simulated cases. Fig. 10(a) and (b) holds the
same interpretation for flank wear (VB) values for FE simulation
results. These surface plots used to set up an agreement between
cutting parameters and output process variables for machining
cutting combinations. It shows that the cutting tool wear is directly
proportional to the workpiece displacement.
Surface plots are constructed to illustrate the consequences of
induced vibration amplitude due to the effect of feed rate, cutting
speed, and depth of cut. It is clear that the increase in displacement
amplitude during the machining have a significant effect on tool
wear. From the experimental results the vibrations increase with
increasing the cutting speed. ANOVA is performed for regression
analysis and is presented in Tables 4–7. The p-value in every table
indicates that the estimated model (Tables 4 and 6) by regression
analysis is significant at the a-level of 0.05. This value implies that
at least one coefficient is different from zero [25]. By observing the
p-value column of ANOVA Tables 4–7, it is possible to state that theFig. 9. (a) Normal probability plot for tool wear (VBexp)-experimental data. (b)
Normal probability plot for tool wear (VBpre)-numerical data.
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Fig. 10. (a) Surface plots of tool wear (VBexp)-experimental data. (b) Surface plots of
tool wear (VBnum)-numerical data.
Fig. 10 (continued)
Fig. 11 (continued)
Fig. 11. (a) Vibration displacement. (b) Flank wear.
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on the evolution of displacement amplitude and tool wear. The
diagnostic checking is done through residual analysis for the devel-
oped model. Residuals falling in a straight line shows that the
errors are normally distributed. Tables 4 and 5 shows the verifica-
tion of the predicted test results of vibration displacement. The
predicted machining parameters’ performance compared with
the actual machining performance and a good agreement identi-
fied between these performances. The above mathematical models
for displacement amplitude and tool wear are of importance in the
selection of machining parameters during the machining of the
cylindrical parts. The ANOVA table for experimental displacement
shown in Table 4 and for numerical displacement is presented in
Table 5.
From the results Tables 4 and 5, it can be concluded that the dis-
placement factor is influenced by the cutting speed and the work-
piece hardness values. The R-Square values for experimental and
simulated methods are 98.6 and 97.8 respectively, which indicates
that simulated values shows good agreement with the experimen-
tal values that are helpful in estimating displacement amplitude.Please cite this article in press as: B.S. Prasad, M.P. Babu, Correlation between v
analysis, Eng. Sci. Tech., Int. J. (2016), http://dx.doi.org/10.1016/j.jestch.2016.0Table 6 gives the ANOVA verification results of experimental flank
wear and Table 7 shows the ANOVA data of FE simulated flank
wear. From the results, it is concluded that the tool wear is more
influenced by the cutting speed, feed rate, workpiece hardness
and depth of cut values as well. The R-Square values for experi-
mental and simulated methods are 97.69 and 96.08 respectively,
which indicates that simulated values are in close relation with
the experimental values that are helpful in estimating the tool
wear.
In the present work, an attempt is made to use the data from
vibration signals in predicting tool wear using response surface
methodology [49]. Fig. 11 shows the comparison graph from which
the closeness of experimental values and predicted values
observed in the study. Fig. 11(a) gives the agreement between
experimental and numerically predicted displacements values
and Fig. 11(b) presents the closeness between the experimental
and numerically predicted flank wear values. The results of the
comparison are proven to predict the values of displacement
amplitude, and flank wear close to the readings recorded experi-
mentally with a 95% confidence interval that indicates a good
agreement with the results.ibration amplitude and tool wear in turning: Numerical and experimental
6.011
14 B.S. Prasad, M.P. Babu / Engineering Science and Technology, an International Journal xxx (2016) xxx–xxx6. Validation of the model
Forecasting ability of the two polynomial models, i.e. Eqs. (5)
and (6), it is clear that the best results provided by the 2nd order
polynomial function. These results confirm the estimation of
regression coefficients of each reported in Table 8.
7. Conclusions
In present work performance of uncoated carbide tool is evalu-
ated by considering the cutting parameters and different levels in
work material hardness during turning of AISI 4140 steel. Multiple
linear regression models were developed to establish the correla-
tions between the cutting parameters and performance measures
like displacement amplitude and tool life. The coefficient of regres-
sion is found to be near to 0.9, indicates that the developed models
are highly reliable and could be used effectively for predicting the
responses within the domain of the cutting parameters. ANOVA
determines the highly significant parameters. Experimental obser-
vations show that values of displacement amplitude are found to
be increasing along with workpiece hardness level, depth of cut
and rotational speed. A similar trend is observed in tool wear as
well. Optimum cutting conditions are determined using response
surface methodology (RSM) and the desirability function approach.
The results have indicated that the effect of feed rate and depth of
cut at different levels workpiece hardness is more when tool wear
is the on the desired parameter. When the desired parameter is
displacement, then the effect of rotational speed along with differ-
ent levels of workpiece hardness is found to be more significant.
Both displacement amplitude and flank wear highly affected by
factors considered in the study. Results show a relatively good
agreement between prediction and experimental values through
empirical models developed.
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